Abstract -In this paper, a Bayesian parameter estimation method is applied for a regional seismic risk assessment of curved concrete bridges. For this purpose, a class of three-frame concrete box-girder bridges is chosen as a case-study bridge. Numerical bridge models accounting for geometric and material uncertainties are simulated in dynamic analyses to construct multi-parameter demand models of bridge components, including various uncertainty parameters and an intensity measure. The demand models are established introducing a Bayesian parameter estimation method. Logistic regression is used to develop parameterized fragility curves comparing demands and capacities. The developed fragilities can be used to generate their bridge-specific fragilities using a specific value of uncertainty parameters. Additionally, bridge-class fragility curves conditioned only on the intensity measure can be developed by integrating the parameterized fragility functions over the domain of the uncertainty parameters to assess the vulnerability of this bridge class. The bridge-class fragility model significantly reduces the model error in comparison to the traditional fragility model.
Introduction
Fragility function is the conditional probability of exceeding a specific damage state given a ground motion intensity measure (IM). The seismic fragility of bridges has been traditionally used with bridge-class fragility curves developed with linear or quadratic regression demand models conditioned on a single-parameter (IM) [1] [2] [3] . The single-parameter demand model is convolved with a limit state model to calculate a fragility function, a lognormal cumulative distribution function (CDF). However, [4] states that single-parameter demand models and fragility curves have the following limitations: (1) inability to reflect the effect of uncertainty parameters on structural performance during earthquakes without extensive resimulations for each new set of parameter combinations and (2) inability to explicitly address the effect of uncertainty parameters on fragility curves. Recently, to alleviate such limitations of the single-parameter demand models, logistic regression in conjunction with multi-parameter demand models comprising various predictor variables has been developed in the realm of seismic vulnerability and loss estimation [4, 5] . [5] employed response surface demand models and logistic regression to derive aging highway bridge fragilities. [4] used various surrogate modeling techniques to decide the bestfitting multi-parameter demand model for bridge fragilities.
As another statistical method, this study applies a Bayesian parameter estimation method to develop multi-parameter demand models. For this purpose, a class of multi-frame concrete bridges is selected, which are representative of curved bridges in California. A set of numerical bridge models are created in OpenSees [6] , which includes (1) material and geometric uncertainties based on a bridge inventory analysis and (2) the nonlinear response of various bridge components in the case-study bridges. Using the response data obtained from dynamic analyses and the uncertainty parameters, multiparameter demand models are constructed via the Bayesian parameter estimation method. The demand models and limit state models are employed to perform logistic regression to develop parameterized fragility curves, which will be used to produce bridge-specific fragility curves for the regional risk assessment if uncertainty parameters are available.
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Additionally, bridge-class fragility curves are developed by integrating the parameterized fragility functions over the domain of input parameters if input parameters are probabilistic in nature and used for the comparison with the traditional fragility models.
Fragility Function via Bayesian Parameter Estimation

Bayesian Parameter Estimation
The unknown unobserved parameter () is regarded as a random variable in the Bayesian paradigm. First, prior distribution () is assumed to represent knowledge about  prior to obtaining objective information. After gathering data, the prior distribution () is updated to the posterior distribution (|x) by incorporating observations x via the likelihood function f(x|):
where  denotes a set of model parameters introduced to fit the model to the data. The denominator on the right-hand side of Eq. (1) is the marginal distribution for the related random variable X, which is obtained by integrating out  from the joint distribution of X and . The marginal distribution normalizes the product of the likelihood and prior distribution, the posterior distribution f(|) is a valid probability density function (PDF). In this study, Markov chain Monte Carlo methodology (MCMC) is applied. The principle of MCMC is to create a target distribution by generating a sequence of points through a long run of simulations such as Markov chains. Markov chains can be constructed using MetropolisHastings algorithm.
Traditional Fragility Function
Traditional fragility modeling of bridges commonly used in prior studies [1] [2] [3] requires probabilistic seismic demand models (PSDMs) and limit state models. Component fragility curves are derived through the convolution of a PSDM and capacity-based limit state models (C). The PSDM is a linear regression model in the log-transformed space for seismic demand (D)-IM pairs for each component (demand model conditioned on the IM). As a result, the fragility function for the kth bridge component (PFk|IM) can be written:
Where SD is the median of the seismic demand conditioned on the IM (SD = aIM b ), and βD|IM is the dispersion of the seismic demand. ln(a) and b are the intercept and slope, respectively, of the linear regression of ln(D) on ln(IM). SC and βC are the median value and dispersion, respectively, of the capacity. N is the number of simulations and Φ[•] is the normal CDF.
Fragility Function Employing Bayesian Parameter Estimation Method
Previous studies [4, 5] recently derived parameterized fragility curves of bridges using multi-parameter demand models in conjunction with logistic regression techniques. A main characteristic of the fragility model is the utilization of the uncertainty parameters in demand models, in addition to an IM and logistic regression. The logistic regression model offers the form of CDF that describes bridge failure probabilities given the set of predictor parameters. The parameterized fragility model has several advantages over traditional fragility models conditioned only on the IM; (1) failure probability for a given IM can be easily estimated by substituting uncertainty (modeling) parameters when their specific value is available (called bridge-specific fragility), (2) the bridge-specific fragility model enables efficient and reliable predictions of fragility estimates with low computational cost, which may be incorporated into regional risk assessment packages, and (3) the sensitivity analysis can be performed to evaluate the effect of a modeling parameter on bridge fragilities, and (4) if the uncertainty parameters are probabilistic in nature (for fragility estimates of a bridge class), bridge-class fragility curves ICSENM 110-3 (conditioned only on the IM) can be developed by integrating the parameterized fragility function over the domain of the statistical distribution of the uncertainty parameters. This integration yields a form of the traditional fragility function, specifically failure probability as a function of only IM. The parameterized fragility function for the kth component can be written as:
Where pj (j=1,…,m) is the input predictor variable, bk,0, bk,IM, and bk,j's (j=1,…,m) are the logistic regression coefficients for the kth bridge component. If the values of all uncertainty parameters are known, Eq. (3) is considered the bridge-specific fragility function. Additionally, the bridge-class fragility function for the kth component can defined as a function of IM.
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Where f(p1),…, f(pm) are the marginal PDFs for the uncertainty parameters. The detailed description can be found in [7] .
Case-Study Bridges
Description of As-Built Bridges
To develop fragility curves of curved bridges for a regional seismic risk assessment (based on a bridge inventory analysis), this study selects the class of seven-span reinforced concrete box-girder bridges, one of typical configurations of curved concrete bridges in California. The bridge has single column bents, diaphragm abutments, and in-span hinges. Figure 2 shows the elevation of the case-study bridge, definition of bridge angle (αb), and cross-sectional property of its members. In-span hinges are located at the one-fifths main-span length away from Pier 3 and Pier 5. In each in-span hinge, between the shear key and the deck, and between the adjacent decks lie a transverse and longitudinal gap, respectively. ICSENM 110-4
Geometric and Material Uncertainties
To facilitate a regional seismic risk assessment, geometric and material uncertainties are accounted for in this study and are summarized in Table 1 . Most of the parameters are determined based on the plan review of more than 1,000 bridges using the in-house database obtained from the Caltrans [8] . The bridge angle (αb) was not well-defined from the plan review whereas other parameters were relatively well-identified. The bridge angle is defined as the angle between the start and end points of the superstructure. Following the work of [9] , this study treats the bridge angle as a random variable with a uniform distribution [0, 3] . The maximum value is restricted to 3.0 rad to reflect realistic conditions of the bridges. A set of three-dimensional bridge models is created by sampling across the range of modeling parameters (Table 1 ) via a Latin Hypercube Sampling (LHS) technique, and are then paired randomly with ground motions. FN vs. parallel FP) , ED B ---- § N = normal, LN = lognormal, U = uniform, and B = Bernoulli distribution. †  and  represent parameters of the respective distribution. These denote mean and standard deviation for a normal distribution, lower and upper bound in the case of uniform distribution and mean and standard deviation of the associated normal distribution in the case of a lognormal distribution.
Modeling Assumptions
Following the recommendations of [10] , this study models the deck in one span as a spine with several elastic beamcolumn elements along the bridge centerline: eight and ten elements per side (outer) and main (interior) span, respectively (Fig. 3) . This figure illustrates the numerical model of multiple components in the curved bridges built in OpenSees [6] . Per [11] , the effective flexural stiffness for decks is assumed to be 62.5% of gross stiffness to account for cracking. To represent the diaphragms and in-span hinges and to capture the torsion of the box-girder due to the bridge curvature, the transverse beam elements are modeled using elastic beam-column elements (rigid and massless). The vertical translational masses are assigned to the ends of the outriggers in order to represent the rotational mass moment of inertia of the deck [3] . Columns are modeled using nine fiber-type displacement-based beam-column elements along with rigid links at the deckcolumn and footing-column connections. In the fiber sections, the OpenSees Hysteretic and Concrete02 material models are used to simulate the longitudinal reinforcement and unconfined and confined concrete. The confined concrete is simulated using the model of [12] . Each pile foundation is modeled using four lumped linear springs: two translational springs, and two rotational springs. Each in-span hinge has five bearing elements (radial and tangential), five pounding elements (radial), and one shear key element (tangential). The nonlinear response of elastomeric bearings is simulated employing an elastic-perfectly-plastic model. Additionally, the nonlinear response of an interior shear key is simulated based on experimental results by [13] . The pounding effect is simulated using a nonlinear compression element with the gap being modeled as proposed by [14] . Each abutment is simulated using five zero-length nonlinear elements to capture the inelastic response for the radial and tangential directions. It is assumed that the passive and active resistances (radial direction) are provided by the composite action of soil and piles, and piles alone, respectively. The tangential resistance is assumed to be provided by the piles. The backfill soil and pile responses are simulated using the hyperbolic soil model of [15] and the trilinear spring model, respectively. The detailed description of modeling techniques can be found in [3] . 
Ground Motion Suite
The ground motion suite must include a wide range of IMs representative of seismic hazard at the area of interest. To achieve this aim, this study selects the suite of ground motions developed by Baker et al. [16] , which was proposed as part of the PEER Transportation Research Program. The suite comprises 120 pairs of broad-band ground motions and 40 pairs of near fault ground motions. To better understand the response of bridge components under high intensity ground motion, the entire suite of 160 motions is scaled by a factor of 1.5 and 2.0. An expanded suite of 480 ground motions is used for the fragility assessment in this study. Per Ramanathan et al. [2] , this incidence angle of seismic loads is assumed to follow a Bernoulli distribution (see Table 1 ).
Engineering Demand Parameters and Associated Limit State Models
To estimate the vulnerability of the case-study bridge, four bridge components are considered in this study; column, superstructure, bearing, and abutment. For these components, six engineering demand parameters (EDPs) associated with their seismic demands monitored in dynamic analyses are selected; peak column curvature ductility (μϕ), peak unseating deformation (δu in mm), and peak bearing shear strain (γb in %) as well as peak radial (passive and active), and tangential abutment deformations (δp, δa, and δt in mm). For each EDP, limit state models follow a two-parameter lognormal distribution (median SC and dispersion βC) and are summarized in Table 2 . 
Application of Bayesian Parameter Estimation to Bridge Fragilities
Multi-Parameter Demand Models
Each demand model is developed using input variables and an output variable obtained from dynamic analyses. To develop the multi-parameter demand model of bridge components, 480 bridge realizations using uncertainty values sampled from the LHS technique are built using OpenSees [6] . Each bridge sample is randomly paired with one of the ground motions. For each bridge-ground motion pair, a dynamic analysis is performed to monitor peak responses of bridge components, which are adopted as EDPs in this study. Also, the PGA is adopted as IM. In this study, the geometric mean of two horizontal PGAs is used as the PGA. Using 480 pairs of input predictor variables (a total of 20) and response data for six EDPs, demand models are constructed using an MCMC-based Bayesian parameter estimation method. By taking logarithms for the input parameters and response data, the multi-parameter demand model can be expressed as:
where m = number of uncertainty parameters presented in Table 1 (here, m = 19), p1 = ED, p2 = fc (MPa), p3 = fy (MPa), p4 = ξ, p5 = mf, p6 = μp, p7 = Gp (MPa), p8 = Δl (mm), p9 = Δt (mm), p10 = Ha (mm), p11 = BT, p12 = kp (N/mm), p13 = ρc, p14 = Kfr (N-mm/rad), p15 = Kft (N/mm), p16 = αb (rad), p17 = Lm (mm), p18 = η, and p19 = Hc (mm). The abutment soil backfill (BT) and earthquake direction (ED) follow the Bernoulli distribution. For convenience, BT = e (where e is the Euler's number) if the backfill is sand. Otherwise, BT = e 2 (ln(e) = 1 and ln(e 2 ) = 2). In the same fashion, if the fault normal 
Conclusion
This study proposes a probabilistic framework for facilitating the seismic risk assessment of bridges with the same bridge class in the transportation network at the specific area. This framework includes the selection of a bridge class, characterization of bridge attributes such as material and geometric uncertainties, creation of numerical component models, construction of multi-parameter demand models using a Bayesian parameter estimation method, and development of bridge-class fragility models using logistic regression. The parameterized fragility models are used (1) to produce bridgespecific (one-dimensional) fragility curves when the uncertainty parameters are available and (2) to develop bridge-class (one-dimensional) fragility curves using a Monte Carlo integration. Additionally, the Bayesian approach facilitates identifying significant uncertainty parameters that affect seismic demands without performing numerous structural analyses required for design of experiments. Comparison of the proposed and traditional fragility models indicates that the traditional fragility model overestimates failure probabilities at lower PGAs and underestimates them at higher PGAs. This proposed framework can be readily implemented into other bridge classes if statistical distributions of uncertainty parameters based on a bridge inventory analysis are available.
